














































































































































































































































































measure	of	how	closely	the	model	matches	the	sample.	Let		𝑚 = 	 𝑚*,𝑚,,𝑚- 	and	𝑠 = 	 𝑠*, 𝑠,, 𝑠- 		be	
a	model	point	and	its	corresponding	sample	point,	respectively.	The	unsigned	Euclidean	distance	is	
calculated	as:	
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Although	this	study	comprised	a	limited	number	of	samples,	it	has	served	as	a	useful	proof	of	
concept	by	demonstrating	the	ability	of	the	method	to	expose	differences	in	pathology	between	
several	different	mouse	models	with	a	range	of	severities	and	malformation	types.	In	routine	use	it	
is	envisaged	that	over	100	mice	per	annum	will	be	examined.	In	such	large	studies	quantification	
becomes	increasingly	important	for	conducting	what	would	otherwise	be	labour-intensive	
assessments	that	are	subject	to	operator	biases	and	human	error.	Automation	in	this	context	is	a	
significant	advantage	in	terms	of	time	saved	and,	more	importantly,	in	standardising	data	output	
and	comparability	between	samples.	
4.1 Characterisation	of	bone	destruction	
4.1.1 Heatmaps	
Heatmaps	are	three-dimensional	representations	of	the	signed	distance	between	the	model	and	
vertices	of	a	sample,	mapped	as	red	(formations)	through	to	blue	(erosions)	on	the	sample	surface.	
They	provide	an	intuitive,	semi-quantitative,	representation	of	the	bone	deformations.	Heatmaps	
were	enthusiastically	endorsed	by	the	collaborating	RA	researchers	for	allowing	them	to	perceive	at	
a	glance	the	size,	location,	nature	and	severity	of	areas	affected	by	a	disease.	The	location,	
magnitude	and	nature	of	deformations	is	not	so	clearly	apparent	in	either	pathology	slides	or	3-
dimensional	rendering	of	micro-CT	slides.	
4.1.2 Quantitative	indicators	
This	paper	has	developed	a	number	of	quantitative	indicators	of	bone	destruction	to	aid	the	RA	
researchers	in	the	objective	characterisation	of	the	disease	models.	They	all	derive	from	two	
assumptions:	that	normal	bone	shape	anatomy	can	be	sufficiently	represented	by	a	statistical	shape	
model;	and	that	pathological	changes	make	bone	shape	statistics	depart	from	the	normal	model.	
Consequently,	the	disease	indicators	are	all	based	on	differences	between	the	model	of	normal	bone	
anatomy	and	a	given	sample.	A	global	measure,	which	however	proved	too	crude,	is	a	total	distance	
between	the	model	and	the	sample	computed	as	the	sum	of	differences	between	all	the	
corresponding	vertices	of	the	model	and	the	sample	mesh	representations.	A	less	crude	measure	
could	distinguish	between	erosions	and	formations	by	taking	into	account	the	signature	of	the	
distance.	However,	averaged	over	all	the	vertices	it	proved	too	insensitive	to	local	changes.	The	
measures	finally	adopted	consider	individual	erosion	and	formation	patches	on	each	bone	
separately.	The	percentage	patch	area	as	a	fraction	of	the	area	of	a	given	model	bone	provides	a	
relative	measure	of	destruction	per	bone,	irrespective	of	its	size.	From	this	measure	further	statistics	
can	be	derived,	for	example	erosions	/	formations	for	each	individual	bone	(not	shown),	for	all	the	
bones	at	a	given	level	of	hierarchy	(Figure	9),	or	for	the	entire	sample.	The	equivalent	patch	
diameter	is	an	absolute	measure	(µm),	based	on	which	size	distribution	statistics	can	be	computed	
(Figure	10).	Another	informative	measure	that	could	have	been	developed	is	a	volume	of	each	
individual	patch.	This	was	easy	to	compute	for	bone	formations,	but	proved	difficult	even	to	define	
for	full	thickness	holes.	
In	the	present	implementation	the	bone	destruction	statistics	are	computed	in	relation	to	individual	
bones,	rather	than	to	joints	which	are	predominantly	affected	in	RA.	The	joints	at	which	bone	
destruction	is	most	visually	discernible,	and	thus	the	most	interesting	for	these	studies,	are	the	
tarsometatarsal	and	metatarsophalangeal	joints.	Errors	in	segmentation	due	to	narrowing	of	the	
joint	space	and	the	limited	spatial	resolution	may	in	some	cases	result	in	inaccurate	values	for	bone	
loss	and	gain.	In	general,	quantitative	measures	should	be	considered	reliable	for	the	periarticular	
surfaces,	but	less	so	for	the	articulating	surfaces.	Visualisations	presented	via	heatmaps	do	not	
suffer	so	much	in	this	respect	as	their	main	purpose	is	to	indicate	sites	of	abnormality,	their	general	
nature	(erosions	and	formations)	and	relative	magnitude.	In	mouse	models	of	RA	for	histological	
assessment	most	researchers	look	at	the	ankle	region	including	the	joint	between	the	calcaneum	
and	distal	tarsals.	This	is	largely	for	pragmatic	reasons	as	this	large	joint	is	most	readily	located	in	2D	
and	can	be	compared	between	samples.	Heatmaps	consistently	depicted	the	pathology	at	the	
metatarsal	joints	as	expected,	in	addition	showing	other	areas	around	the	tarsal	and	heal	joints	that	
were	particularly	affected.	
4.1.3 Key	biological	findings	revealed	by	the	analysis	
The	analysis	based	on	the	articulated	statistical	shape	model	of	a	normal	mouse	hind	paw	has	
provided	interesting	insights	into	the	nature	of	bone	destruction	in	the	three	mouse	models	of	RA.	
The	initial	observations	are	summarised	below.		
Although	K/BxN	and	CAIA	mice	are	very	similar	in	terms	of	mechanism	of	arthritis	induction	and	the	
transient	inflammation	produced,	this	work	has	identified	apparent	differences	in	the	effects	of	this	
inflammation	on	bone	structure.	Application	of	the	ASSM	has	revealed	that	whilst	both	models	of	
arthritis	are	predominantly	erosive,	both	also	bear	clear	signs	of	bone	formation	having	taken	place.	
This	is	supported	by	previous	studies	of	both	models	(Oestergaard	et	al.,	2008;	Ruiz-Heiland	et	al.,	
2012).		The	nature	of	the	bone	destruction	is	somewhat	different	as	the	CAIA	serum-transfer	model	
presents	with	more	severe	deformities	such	as	the	full	thickness	bone	erosions	and	the	presence	of	
highly	abnormal	bone	formations.	This	caused	the	ASSM	model	to	fail	occasionally,	however	it	was	
still	able	to	highlight	several	interesting	bone	shape	differences	including	apparent	“thinning”	of	
cortical	bone,	as	well	as	bone	spurs	on	the	calcaneus,	located	where	the	tendons	attach	to	bone.	
Histograms	in	Figure	10	show	the	distribution	of	patch	sizes	in	the	three	mouse	models,	in	addition	
making	a	distinction	between	responders	and	non-responders	in	the	K/BxN	mice.	Consistently	the	
ASSM	detected	the	fewest	patches	of	all	sizes	for	the	control	mouse	group	(K/BxN	non-responders)	
with	the	majority	less	than	100	micron	in	diameter.		
The	heatmaps	generated	by	the	model	indicate	that	TNFΔARE	mice	have	a	primarily	erosive	
phenotype,	which	is	consistent	with	reported	findings	(Kontoyiannis	et	al.,	1999)	(Jacques	et	al.,	
2013).	The	erosions	are	more	pronounced	than	those	observed	in	the	other	models,	which	follows	
given	that	TNFΔARE	mice	are	born	with	the	mutation	that	produces	chronic	synovitis	(joint	
inflammation)	at	an	early	age.	Interestingly,	this	data	also	demonstrates	relatively	high	rates	of	bone	
formation	(osteophytosis)	in	contrast	to	the	consensus	in	the	published	literature	that	bone	
formation	in	this	model	is	minimal	or	absent	(Jacques	et	al.,	2013)	(Caplazi	et	al.,	2015).	Further	work	
is	required	to	characterise	the	bone	formation	process	fully	but,	given	that	the	patches	of	bone	
formation	are	almost	exclusively	below	150	micron	in	size,	it	seems	likely	that	they	have	previously	
escaped	detection	by	eye.	In	comparison,	the	CAIA	model	has	previously	been	noted	as	having	high	
levels	of	bone	formation	(Jacques	et	al.,	2013).	This	was	confirmed	by	the	ASSM	and	is	particularly	
characterised	by	large	(>200	micron)	osteophytes	(formations)	as	evident	from	the	histograms	
(Figure	10)	and	by	eye	(Figure	7).	Conversely,	the	K/BxN	model	had	the	lowest	level	of	bone	erosion	
of	the	three	arthritis	models	and	the	cumulative	levels	of	bone	formation	were	equivalent	to	the	
control,	indicating	that	this	model	triggers	low	levels	of	bone	turnover.	Given	that	the	K/BxN	and	
CAIA	models	are	conceptually	relatively	similar	the	large	differences	between	them	are	perhaps	
surprising	and,	to	our	knowledge,	have	not	been	previously	reported.	
The	data	produced	by	the	ASSM	highlight	the	value	of	this	approach	to	analysing	micro-CT	data	from	
murine	models	of	arthritis.	These	models	are	commonly	used	in	rheumatology	research	and	the	
micro-CT	analysis	is	generally	scored	by	eye.	Our	results	demonstrate	that	the	ASSM	has	the	ability	
to	detect	bone	changes	that	can	discriminate	between	the	different	murine	arthritis	models	
commonly	used	in	research.	In	addition,	as	identified	by	the	TNFΔARE	bone	formation	results,	this	
method	has	the	capacity	to	capture	information	not	readily	visible	by	eye.	The	ability	of	the	ASSM	to	
detect	small	changes	in	bone	resorption	and	formation	will	allow	automated	and	unbiased	analysis	
of	the	effect	of	genes	and	compounds	on	bone	changes	in	in	vivo	models	of	arthritis.	A	
comprehensive	paper	addressing	the	differences	in	the	bone	phenotypes	resulting	from	various	
mouse	models	of	RA	is	now	in	preparation.	
4.2 Further	work	
To	attain	an	ultimate	goal	of	a	fully	automated	method	there	are	several	areas	requiring	
improvement.	Construction	of	an	ASSM	based	on	a	single	reference	sample	(section	2.3)	is	
inherently	biased	towards	the	geometry	of	the	chosen	sample.	The	effects	of	this	bias	were	not	
investigated,	but	are	considered	an	important	issue,	to	be	examined	in	future	work.	Large	
differences	in	pose	observed	in	a	number	of	diseased	samples	caused	fully	automatic	model-to-
sample	registration	fail.	Similarly,	failures	occurred	due	to	large	departures	from	a	statistically	
“normal”	bone	shapes	at	the	high	levels	of	the	bone	hierarchy.		At	present	approximately	one	in	five	
cases	required	some	form	of	manual	adjustment,	usually	applied	to	a	single	bone.	Variations	in	
relative	bone	position	are	handled	to	some	extent	by	the	kinematic	constraints	imposed	during	
registration	(Brown	et	al.,	2014).	However,	in	cases	where	mice	have	developed	extreme	structural	
deformities,	registration	of	the	model	can	fail.	Occasionally	problems	occurred	due	to	bone	fusion	at	
a	joint	and	presence	of	severe	abnormalities	such	as	full	thickness	bone	erosions.	Some	of	these	
problems	can	be	tackled	by	utilising	non-rigid	correspondence	in	order	extract	as	much	variation	as	
possible	from	the	training	data.	This	would	also	improve	the	articulated	registration	accuracy	at	
intermediate	steps,	minimising	error	propagation	down	the	hierarchy.	With	a	larger	number	of	
samples	available	in	the	future	a	statistical	model	of	erosions	and	formations	per	disease	model	can	
be	built	by	mapping	erosions	and	formations	to	the	template	to	show	the	likelihood	of	a	
deformation	arising	at	a	given	anatomical	location.	Population-based	statistical	maps	of	this	nature	
were	previously	reported	to	be	useful	in	human	studies	(Cevidanes	et	al.,	2010;	Joshi	et	al.,	2015;	
Joshi	et	al.,	2013).	
5 Conclusions	
In	this	work	an	articulated	statistical	shape	model	has	been	demonstrated	as	a	suitable	approach	for	
quantifying	bone	destruction	in	mouse	models	of	RA.	Validation	experiments	using	in	silico	
generated	known	deformations	produced	an	error	<	1%	for	most	of	the	bones	with	the	exception	of	
a	false	positive	error	of	about	4%	for	bone	formations	in	the	phalanx	region.	Application	of	the	
model	to	real	data	acquired	from	a	number	of	mouse	models	has	shown	agreement	both	with	the	
clinical	scores	and	with	the	previous	biological	findings,	suggesting	that	bone	shape	changes	can	be	
usefully	identified	as	deviations	from	the	model	statistics.	Quantitative	data	provided	objective	
evidence	for	differences	in	bone	deformation	occurring	in	different	mouse	models	of	rheumatoid	
arthritis.	This	quantitative	data	allows	for	unbiased	and	reproducible	analysis	of	bone	changes	in	
arthritis	models	and,	ultimately,	it	is	hoped	that	the	developed	method	may	be	employed	in	pre-
clinical	studies	to	assess	the	degree	of	bone	protection	conferred	by	potential	therapies	and	to	help	
answer	questions	about	how	different	mechanisms	contribute	to	RA	pathogenesis.	
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